Electric Vehicles represent an important and futuristic alternative to conventional vehicles. However, the effect of charging electric vehicles on electric grids must be taken into account to prevent accidental overloading of the distribution grid due to simultaneous charging/discharging of electric vehicles. As electric vehicles gain more popularity with consumers, power companies and utilities must be prepared for the added load. To assist in this preparation, power companies will need accurate load forecasting algorithms. This paper presents the development of an algorithm that forecasts the load for Battery Electric Vehicles, or BEVs at 15 minute intervals for any day between January 1, 2011 and December 31, 2023. The forecast algorithm uses the projected BEV growth rate, the population of the parking lot or garage of inquiry, and a probability distribution which relates the state of charge (SOC) of the vehicle's battery to the percent of EV owners that require such charging daily. After development of the algorithm, simulations of the projected load population were performed in MATLAB. These results present the BEV load from each incoming population wave as an exponentially decaying function with a peak proportional to the size of the electric vehicle population. The developed approach can be applied easily to any parking lot or garage by identifying population wave sizes and their arrival times and applying the SOC probability distribution to each incoming wave.
Introduction
Battery electric vehicles typically charge directly from the power grid. Factors related to an EV's charging profile, including the time of day that charging begins, the charging rate, and the state of charge, or SOC, have a significant impact on power grid operations.
Unfortunately, these parameters, while quantifiable, are mostly based on human behavior and preference. It is the goal of this research to create an algorithm that can correctly forecast the load demand from EV charging on the power grid. The objective is to be able to predict the power load from EV charging within two percent accuracy, twenty-four hours in advance, and at fifteen minute intervals.
Having an accurate prediction of the anticipated power load this far in advance will allow power generation facilities to supply power demand with base load sources. Base load power generation produces a more constant power supply at a lower price rate. Since some base load power plants, such as nuclear plants, require hours if not days to change their power output, an accurate prediction of power demand is highly desirable and economically advantageous.
Forecasting of Load from Electric Vehicles

Past Forecasting Techniques
Several strategies exist that attempt to control the amount or the timing of load demand from electric vehicles. However, most of these techniques advise either the control or modification of behavior or the collection of driving behavior from a central processor. . They recommend a demand side management scheme that allows the batteries to act as a responsive load. The studies mentioned above model human behavior as a multistate Monte Carlo Simulation. However, in order to accurately forecast the load demand from EVs, other factors must be taken into account. Human behaviors that control EV load demand such as duration of trip, distance driven, and arrival and departure location and time all have an effect on the amount of charge a battery will require upon arrival.
Other factors due to human behaviors are directly related to how fast a battery becomes depleted. For example, behaviors like aggressive driving or high accessory use will cause a faster rate of battery depletion [6] . Human preference factors, like the state of battery charge preferred by an individual or the time of day an individual prefers to charge their vehicle are difficult to forecast but predictable once established.
Some studies have used statistical prediction techniques to model human driving behaviors. Others use valley filling techniques like demand side management to encourage consumers to charge during valley hours. A number of these loads occurring at peak load times can cause major difficulties for power grids. Demand side management may be an effective technique to help counter this problem.
The need still exists, though, for an accurate prediction technique. Human behaviors are difficult to predict and quantify. This forecasting method is based on the belief that is more accurate to use geographic statistics to predict EV charging loads.
Vehicle Type
BEVs run off of rechargeable batteries that are fully charged by the power grid. Plug-in Hybrid Electric Vehicles, or PHEVs, have significantly smaller battery capacities. They do have an impact on the power grid. However, for simplification purposes, they are not addressed in the forecasting algorithm presented in this paper.
In addition to excluding PHEVs from consideration for the forecasting algorithm, a single BEV was chosen. Only the battery capacity and mileage of that vehicle was used. The battery size of BEVs differs significantly over the many models and manufacturers. Capacities range from over 16 kWh to 85 kWh [7] . The mileage range of one full charge varies from 62 miles per charge to over 250 miles per charge. The Nissan Leaf was chosen because it is the best-selling BEV in the United States with a mid-range battery capacity of 24 kWh and a mileage range of 84 miles.
Although using a single vehicle model lessens the accuracy of the forecasting algorithm slightly, the inclusion of this parameter would have added much more complexity without delivering a measurable level of accuracy. However, it is possible to apply a probability distribution to this problem in the form of the following:
= Battery capacity of a particular make and model = Percent of BEVs of a certain make and model ∑ 1
Charging Levels
Studies indicate that the majority of EV owners begin charging their vehicles directly after arriving home. Because this is the exact time of daily peak loads it presents a significant drain on the power grid. There are several different charging levels available to BEV owners. Level 1 charging occurs at 120 volts and at 1.4 kW and requires approximately 17 hours to fully charge the 24 kWh battery of the Nissan Leaf. Level 1 charging allows consumers to charge their BEVs on a simple 120 V outlet at home without any additional expenses. However, it only delivers approximately 3 to 4 miles of range for each hour of charge. Thus, it is not a viable option for an individual that drives more than twenty or twenty five miles a day.
Level 2 charging occurs at 240 volts and can charge the Leaf in approximately 4 hours. Unfortunately, level 2 charging requires that EV owners install a dedicated charging circuit and presents a substantial load to power utilities.
Approach
The approach presented in this paper seeks to predict the load from the charging of EVs as a function of the size of incoming population waves in a given parking lot. The University of West Florida was chosen as a test site for the study. UWF offers a controllable, quantifiable test site with reliable population movements. Incoming population wave arrival times were based on the start time of classes and the faculty work day, with a majority of the population arriving at 9:00 am and after lunch at 1:00 pm. The residential wave arrival times began later in the day with the largest wave occurring at 5:00 pm.
BEV Growth Rate
There are several reasons for the explosive growth rate for electric vehicle sales in the United States. Among those are governmental programs, such as tax incentives for EV owners and President Obama's EVs Everywhere Challenge. Economically, BEVs appeal to consumers due to the lower cost per mile of driving a BEV as compared to traditional vehicle, along with tax and emission benefits.
A study by the Electric Vehicle Transportation Center at the University of Central Florida collected information on past BEV and PHEV sales and predicted future BEV and PHEV sales through 2023 using 10, 15, 20, 25, and 35 percent growth rates [4] . It was appropriate to choose one growth rate in order to estimate the number of BEVs on the road as a percentage of the total number of vehicles on the road. Table 1 shows the calculated values at a 20% growth rate. 
Population and mileage
The University of West Florida has 5,681 parking spaces. The spaces on campus are divided into three types; commuter parking, faculty and staff parking, and residential parking. Instead of basing the load forecast on the population on campus at any given time, the size of incoming population waves was used in a calculation shown to the right to determine the number of EVs on campus.
For example, there is a large incoming population wave of faculty, staff, and commuter students that occurs each morning at 9 am. A smaller wave occurs earlier at 8 am. The largest wave occurs after lunch, when everyone is returning to campus. Each wave was assigned a percentage according to its size. The assigned wave size percentages for both incoming faculty/staff/commuter waves and incoming residential waves and the times that they occur are shown in Table 2 . In order to calculate the size of a given population wave, the total number of spaces of that type of population wave was simply multiplied by the percentage assigned. For example, in order to find the size of Wave 1, one would take the total number of faculty/commuter spaces, which is equal to 4,361 and calculate 30 percent of it. Therefore, the size of Wave 1 is 1,308 vehicles.
The state of charge describes the amount of charge a battery is holding at the time of interest. For the purposes of this paper, the time of interest is when the driver pulls into a charging parking space at the university. Table 3 relates the miles driven per day to the percent of the American population that drives them. It is a fairly easy calculation to convert miles driven into the state of charge of the battery upon arrival, given that the on-board charger of the Leaf charges at 6.6 kW/hour, and has a capacity of 24 kW. Thus, a full charge provides an 84 mile range. One can then construct a miles to kW ratio and input the miles of each probability state into the ratio to find the needed kW. Then the time needed to charge the battery to full is given by the proportion: The probability distribution displayed in Table 3 is applied to each incoming wave. Although discrepancies may occur, one can conclude that each incoming wave will follow the state of charge probability function, wherein the load due to each wave will be an exponentially decaying function based on the size of the wave. Once the size of each wave was found, the state of charge probability density was applied to each wave in 15 minute intervals. Then the load for wave r and SOC i will be given by the total EV population of that wave.
MATLAB Simulation
A MATLAB program was developed in order to simulate the EV prediction algorithm described in the approach section. The program requires a single input of the date of which the EV load is to be predicted and returns two arrays, a time array and a load array. The time array is a 96 count array starting at 00:00 or midnight, and moving upwards through time in 15 minute segments, ending finally at 23:45. The load array returns the forecasted load in 15 minute intervals corresponding to the time array. To allow for simplification and for ease in comparing results, all load results shown are predicted for March 1, 2015, picked arbitrarily. The development of the time array was a fairly simple procedure utilizing serial date times and the addtodate function. The difficulty involved with the time array arose from attempting to overlay the individual time arrays of each of the waves. For example, commuter/faculty wave 1 begins at 8 am. If, upon arrival, a vehicle's battery is completely depleted, level 2 charging will require 3.64 hours to fully charge the battery. So within 3 hours and 45 minutes, or 15 intervals of 15 minutes, the charging power needed, or load, of each wave will decay to zero kW. Taking the 8 am wave as an example, the wave load will decay to zero kW by 11:45 am. The 9 am wave arrives while a load still exists from the 8 am wave. Thus, the loads from these overlapping waves must be overlaid.
The figures below show the MATLAB simulation of the load from each of the incoming population waves. The faculty/commuter waves are shown in Figure 1 while the residential waves are shown in Figure 2 . Refer to Table 2 for the arrival times of each wave. Figure 3 was prepared in anticipation of the final predicted load in order to make it easier to discern the load from each individual wave in the final combined load shown in Figure 4 . EVs charging, or the size of the incoming wave that the curve is modeling. Please note that the load curves have very sharp peaks. This is due to the 15 minute intervals at which the load was predicted.
Future Work
Planned future work is focused mainly on increasing the accuracy of this forecasting method. Many methods have been investigated. First, the EV ownership growth rate factor will naturally become more accurate as time proceeds. This factor will simply need to be monitored and corrected. As of now, this factor is as accurate as current statistics allow. The study that was chosen for the EV growth rates was relatively conservative. Other studies have shown a far larger growth rate for EVs.
Second, the additional load presented by PHEVs can be included. This factor will have the effect of increasing the load slightly from EV charging. This was discussed in more detail in section 2.3 of this paper.
Additionally, a factor including the many different battery capacities and mileage abilities of the different makes and models could be introduced as discussed in section 2.3 of this paper. However, it is the opinion of this author that such a factor will not have a major effect on the forecasted load at this time, since the vehicle used in this technique, the Nissan Leaf, has a capacity in the middle of the current EV battery capacity range and is also the most popular BEV on the market. However, this may change as the battery capacities of BEVs rise and as different models achieve more popularity. An excellent example of this is the Tesla Model S. The 2015 Model S 85D has a battery capacity of 85 kWh, over three times that of the Nissan Leaf, and has a network of fast superchargers that can take the battery from 10% of charge to 80% of charge in minutes. Even the 2016 Nissan Leaf will have a larger battery capacity of 30 kWh and a 100+ mile range.
The geographical location of the parking lot of inquiry can be used to enhance the accuracy of this forecasting technique. For example, a parking lot in California will have more far more EVs than a parking lot in North Dakota. A parking lot in a metropolitan area will have more EVs than one in a rural area. This specification will allow for the most accurate forecast for EV loads in America today. The current market is just too diverse to adopt a national forecasting method. It is far more accurate to forecast for a city or a geographical area, provided one has reliable statistics on population movements.
Conclusion
Depending on the application used, the electric vehicle load forecasting technique presented in this paper can be made very general or very specific. It can be applied easily to any parking lot or garage by identifying population wave sizes and arrival times and applying the SOC probability distribution to each incoming wave. It can also be applied to an entire city by using the population migrations of that city. For example, a city's morning, evening, and lunch rush hours could be used as population waves.
The EV industry in America is dynamic. Everyone is trying to guess what will happen and when. Innovative companies like Tesla are changing the game. States such as California are going above federal emissions standards for vehicles. According to the Center for Climate and Energy Solutions, nine states have adopted California's zero emission vehicle programs, and three states have adopted California's low emission vehicle standards [8] . These regulations require automakers to acquire points by producing a certain number of zero emission vehicles [9] . On this point scale, full BEVs such as the Nissan Leaf accrue the most points. This will drive the sales of BEVs and PHEVs, but particularly BEVs, and will likely increase the BEV and PHEV growth rates. 
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